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Abstract

Machine vision is a technology that helps the computer as if a person recognizes and determines things.
In recent years, asadvanced technologies such asoptical systems, artificial intelligence and big data advanced
in conventional machine vision system became more accurate quality inspection and it increases the
manufacturing efficiency. In machine vision systems using deep learning, the image quality of the input image
isvery important. However, most images obtained in theindustrial field for quality inspection typically contain
noise. This noise is a major factor in the performance of the machine vision system. Therefore, in order to
improve the performance of the machine vision system, it is necessary to eliminate the noise of the image.
There are lots of research being done to remove noise from the image. In this paper, we propose an
autoencoder based machine vision systemto eliminate noisein theimage. Through experiment proposed model
showed better performance compared to the basic autoencoder model in denoising and image reconstruction
capability for MNIST and fashion MNIST data sets.
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1. Introduction

In recent years, the life cycle of products hasrteimed and consumer requirements have diversified,
increasing the requirements for customized indig@idaroduction. As the economic structure shifteahfr
manufacturing to the center of the service indystigluding information and communication technglog
(ICT), traditional manufacturing demanded innovatiarhich led to the emergence of a new smart factor
Smart factories are advanced intelligent factottied integrate the entire process from productrptanto
design, production, distribution and sales int@iinfation and communication technology (ICT) to o
customized products at minimal cost and time. Sfaatbries are flexible and intelligent factoribatconnect,
collect, and analyze data with technologies sudrtificial intelligence, big data, the Internetidfings (IoT),
and wireless communication, and are separated femtory automation, which seeks to unmanned and
automate production processes using equipmentagicbmputers and robots. Because smart factoffes di
in their characteristics and operating methods lyufacturing, companies should establish and inted
smart factory construction plans step-by-step giraction that reflects the unique value of theegmtise.
Among the many areas required to build a smarbfgcautomation of the manufacturing process ressin
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be addressed. Advances in technology that can agothese areas will help us reach the ultimatetsma
factory. Machine vision is a technique that quicahd precisely replaces the task of judging thedwmeye
through a system consisting of software such asgsging and analyzing images in the manufacturiocgss.

In other words, machine vision is a technology tieps the computer as if a person recognizes etedrdines
things. In recent years, as advanced technolog&s a&s optical systems, artificial intelligence gl data
advanced in conventional machine vision systemrhegaore accurate quality inspection and it incredse
manufacturing efficiency. With the appearance @dpkarning, the practicality of machine vision bagn
enhanced, and the realm of artificial intelligehas expanded. In machine vision systems usingldagging,

the image quality of the input image is very impokt However, most images obtained in the indudtakl

for quality inspection typically contain noise. $moise is a major factor in the performance ofritlaehine
vision system. Therefore, in order to improve teggrmance of the machine vision system, it is Bsagy to
eliminate the noise of the image. There is a lotesfearch being done to remove noise from the image
[1][2][3][4]. In this paper, an autoencoder is ugectliminate noise in the image [5]. We want te tiss as
input to the machine vision system to improve tleefggmance of the machine vision system. Paper is
organized as follows. Section 2 briefly outlines utoencoder algorithm and denoising in imagegusasic
autoencoder. In section 3 proposed model is predeartd experimental results of the proposed syatiim

be described in section 4. Finally, the analysishef experimental results and the future reseaiitthber
described in section 5.

2. Autoencoder

An autoencoder is a neural network that simply esmput into output. This may seem like a veryptam
neural network, but it can create a variety of atnetworks by constraining the network architestufor
example, there may be a variety of autoencodech aa compressing the data by reducing the nunfber o
neurons in the hidden layer or learning the networnfeconstruct the original input data. The assttiire of
the autoencode used to reconstruction the inpugéma shown in Figure 1. As shown in Figure 1, the
autoecoder largely consists of encoders and desodie encoder learns how to encode the inputanto
compressed representation, and the decoder regcngte original input. One of the important cortsepf
autoencoder is the latent representation of inpta.dCompressing an input into a smaller dimenaltmws
autoencoder to learn the latent representatiohefrtput. These latent representation reflects tmdymost
important features of the input data.

Encoder Decoder

Input Data Encoded Data Reconstructed Data

Figure 1. Architecture of autoencoder [6].
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Autoencoder can be used as follows. First input dah be reduced in terms of dimensions. The sdsond
that noise of input data can be removed. Because rnot an important feature of the data, sonecessary
to remove the noise by latent representations.

2.1 Image Denoising with Basic Autoencoder

As mentioned earlier, autoencoder can be useddgeamenoising. Image noise is a phenomenon in which
the brightness of pixels in an image changes rahgarsually due to sensors in digital cameras. Vodayital
camera can shoot high-quality images, but imagseenstill occurs, especially in low-light environnt@n
Recently, autoencoder which is one of the deemiegitechniques was proposed to remove the noitteein
images. The architecture of basic autoencode fagandenoising is very simple. This method usesynois
images as input data and provides clean imagestaviget answer to output layer, which makes autoeerc
learns how to denoise. Figure 2. Shows the denpsiocess of autoencoder.

—| Encoder —»E-» Decoder Z

Compressed
representation

Noisiy input Denoised image

Figure 2. A denoising autoencoder process [7].

At first we build a basic autoencoder model. Thelel@onsists of three parts input, hidden and du#yer.
We use input as MNIST data set of handwritten d@jtsSince each image consists of 28 pixels intlwvethd
length, the size of the input layer is 784. Whendmg an autocorder the crucial part is deterngnthe
architecture of hidden layer. In this case we skeidilen layer and size of the hidden layer is 1&ivation
function from input to hidden layer is relu. Outpayer is fully connect and size of the output laige784.
Activation function from hidden to output layersgimoid. Applying relu function to the hidden layerd the
sigmoid function to the output layer generally tesin much higher accuracy than before. The resfuthe
experiment is shown in Figure 3. The results ofekgeriment show that the noise was well removatihe
input image could not be reconstructed properlye Tasults of this experiment show that the image
reconstruction results are not satisfactory whémgus single hidden layer. When using this bastoencoder
model in machine vision system for defective insjpec it is difficult to expect high-performancefdetive
inspections.

Original
Images

Input With
Noise Added

Denoised
Qutput

Figure 3. Image denoising by basic autoencoder.
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Figure 4. Reconstruction error value by epoch in basic autoencoder.

3. Proposed System

To improve the performance of reconstruction apike will add convolutional layer to basic autoeteo
model [9]. Many research show that feature extoacind image classification performance is improvbdn
using deep convolution neural network method [10]J[12]. We adopt this idea and add the convolutiona
layer between input and hidden layer and also tviagdden and output layer. There is no explidé setting
the proper number of convolution layers. In thisearch we set the number of hidden layers as Ritaoture
of proposed model is shown in Figure 5.

Convolution Convolution Convolution Convolution

Hidden layer

layer layer layer layer

Figure 5. Architecture of proposed model.

4. Experiment

We will evaluate our proposed model on two data.SEte first data set is MNIST handwritten data set
which we used in paragraph 2.1 and the other ofssidon MNIST data set [13].

4.1 MNIST Data Set

The number of filters in encoder part is as folloWise number of filters in first convolution layierl6 and
8 on the second convolution layer respectively.ti@nother hand, the number of filters in decodet iga8
and 16 in order. The size of the filter is gengralkze 3 in vertically and horizontally, so we apjl We use
Adam as optimization method [14]. The results panfed through a 10 epochre shown in Figure 6. As
shown in Figure 6, the resolution of the recons&démage as well as the noise removal performeneery
high.
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Figure 6. Experimental results by proposed model.

4.2 Fashion MNIST Data Set

We apply our proposed model to more complicatedygsalmages of fashion MNIST have more and more
diverse forms, so image reconstruction is relagivebre difficult than MNIST images. We added onereno
convolution layer because it applies for more caxmlata. The number of filters in encoding pag2s 16
and 8 respectively in order. On the other handntiteber of filters in decoder part is 32, 16 arid 8rder.
The size of the filter is same as on MNIST data W&t use RMSProp as optimizer. The results perfdrme
through a 10 epoclare shown in Figure 7. The resolution of the retoted image as well as the noise
removal performance with 3 convolution layers whishshown in Figure 7(b) is better than using 2
convolution layers as shown in Figure 7(a).

original
Images

Original
Images

Input With
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Input With
Noise Added
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Output

Denoised
Output

Figure 7. Image denoisng on fashion MNIST data set. Figure 7(a) is 2 convolution layers and
Figure 7(b) is 3 convolution layers .
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Figure 8. Model architecture and parameters in proposed model with 3 convolution layers.
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Figure 9. Reconstruction error value by epoch.

Figure 8 shows the model architecture and paraméteproposed model with 3 convolution layers and
figure 9 shows the reconstruction error by propasedel with 3 convolution layers.

5. Experimental Results

Through experiment proposed model showed bettéonpeaince compared to the basic autoencoder model
in denoising and image reconstruction capabilityMNIST and fashion MNIST data sets. The experiraknt
results for each data set are as follows. In MNtaTa set we propose a model which has 2 convohiltion
layers and Adam optimizer is used. Proposed mduael's the excellent performance in image denoisidg an
reconstruction. We extend our experiment to moadlehging data set. In fashion MNIST data set psepio
model has 3 convolutional layers and RMSProp ogtmis used. Because images in fashion MNIST aita s
are more complex we set more convolutional layeassto extract more useful feature in the imagep®&sed
convolutional autoencoder model also shows thellextgerformance in image denoisng and reconstnuct

Models with three convolution layers have the disendage that it requires more training time thamet®
with two convolution layers. Setting the appromiatumber of convolution layers is not an easy taskch
is a problem that must be solved through multiplenapts at the given task to be solved.

6. Conclusion

In this paper, we propose an autoencoder basedimeagkion system to eliminate noise in the image.
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improve the performance of reconstruction ability add convolutional layer to basic autoencoder mode
Proposed model adds the convolutional layer betviggumt and hidden layer and also between hidden and
output layer. There is no explicit rule setting theper number of convolution layers. In this resbave set

the number of hidden layers as 2. Through expetipeposed model showed better performance compared
to the basic autoencoder model in denoising andyém@&construction capability for MNIST and more
complicated fashion MNIST data sets. We will inistaé machine vision system to company Jade Saiutio
Future work is using the generated images fromgseg model as input to machine vision system asithte

the classification performance in manufacturinddfiaVe will check the classification accuracy andl w
improve the system performance based on the fisid t

Acknowledgement

This work was supported by Youngsan University Rede Fund of (2020).

References

[1] T. Brooks, B. Mildenhall, T. Xue, J. Chen, D. Ske#rland J. T. Barron, “Unprocessing images forredrraw
denoising,” InProceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 11036-
11045, 2019. DOI10.1109/CVPR.2019.01129

[2] U.Dmitry, V. Andrea, and L. Victor, “Deep imageqn,” In Proceedings of the | EEE conference on computer vision
and pattern recognition, pp. 9446-9454, 20180I: 10.1109/CVPR.2018.00984

[3] K.Zhang, W. Zuo, Y. Chen, D. Meng, and L. ZhaiRgyond a gaussian denoiser: Residual learningeepdnn
for image denoising,/lEEE transactions on image processing, Vol. 26, No. 7, pp. 3142-3155, 2017.
DOI: 10.1109/TIP.2017.2662206

[4] J.Kim, “Edge-Preserving and Adaptive Transmisgistimation for Effective Single Image Haze Remdval,
International Journal of Internet, Broadcasting and Communication, Vol. 12, No 2, pp. 21-29, 2020. DOI :
https://doi.org/10.7236/1JIBC.2020.12.2.21

[5] C. Doersch, “Tutorial on variational autoencodeesXiv preprint arXiv:1606.05902016.

[6] https://mwmw.compthree.com/blog/autoencoder/

[7] https://mwww.pyimagesear ch.com/2020/02/24/denoi sing-autoencoder s-with-ker as-tensor flow-and-deep-lear ning/

[8] http://yann.lecun.com/exdb/mnist/

[9] T. N. Sainath, A. R. Mohamed, B. Kingsbury and EanRbhadran, “Deep convolutional neural networks for
LVCSR,” In 2013 IEEE international conference on acoustics, speech and signal processing , pp. 8614-8618, May
2013. DOI:10.1109/ICASSP.2013.6639347

[10] A. Krizhevsky, |. Sutskever, and G. Hinton, “Imagénclassification with deep convolutional neural
networks,”Advances in neural information processing systems, Vol. 25, pp. 1097-1105, 2012.
https://doi.org/10.1145/3065386

[11] T. N. Sainath, B. Kingsbury, A. R. Mohamed, G. BhD G. Saon, H. Soltau and B. Ramabhadran, “Imgrants
to deep convolutional neural networks for LVCSRy2D13 |EEE workshop on automatic speech recognition and
understanding, pp. 315-320, Dec. 2013. DQIO.1109/ASRU.2013.6707749

[12] A. Khan, A. Sohall, U. Zahoora and A. S. Qure$Aisurvey of the recent architectures of deep cduianal
neural networks,Artificial Intelligence Review, Vol. 53, No. 8, pp. 5455-5516, 2020. Doi : 10.1300462-020-
09825-6

[13] H. Xiao, K. Rasul, and R. Vollgraf, “Fashion-mnist:novel image dataset for benchmarking machineileg
algorithms,” arXiv preprint arXiv:1708.07747, 2017.

[14] D. P. Kingma and J. Ba, “Adam: A method for stod¢ttagptimization,” arXiv preprint arXiv:1412.698@014.






